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Abstract: Turmeric powder is widely used for its culinary and medicinal properties. However, its adulteration with substances similar to the
properties of pure turmeric powder poses significant concerns regarding quality, authenticity, and consumer health. This study aimed to develop an
artificial intelligence (Al)-based tool for detecting rice flour adulteration in turmeric powder using color values and to further validate the findings
through chemical, sensory, and microscopic analyses. Pure turmeric powder was mixed with rice flour (0.1%, 0.5%, 1%, 2.5%, 5%, 10%, 15%,
20%, 25%, 30%, 35%, 40%, 45%, 50%, and 100% (w/w)) to create a series of rice flour adulterated turmeric powder samples. The L*, a”, and
b" color values were measured and used for the development of the Al tool. Starch iodine complex formation was employed by the iodine test,
while sensory evaluation assessed consumer perception to changes in color due to rice flour adulteration in turmeric powder. Microscopic image
analysis was utilized to differentiate rice flour adulterated turmeric powder from pure turmeric powder based on the presence of rice flour granules.
The results of the iodine test showed its suitability for detecting rice flour adulteration in turmeric powder on a laboratory scale. The Al-based
tool enabled rapid and accessible adulteration detection. The findings of this study contribute to enhancing food quality assurance and promoting

consumer health by addressing common adulteration practices in turmeric powder.
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1. Introduction

Spices and herbs have been valued for centuries for both culinary
excellence and medicinal purposes [1]. Beyond enhancing the flavor,
aroma, and color of foods, spices are rich in bioactive compounds that
contribute to disease prevention and improved health outcomes. Recent
scientific interest has highlighted the broad functional spectrum of
spices due to constituents such as sulfur compounds, tannins, alkaloids,
phenolic diterpenes, flavonoids, and polyphenols [2—5]. Among these,
turmeric (Curcuma longa) stands out as one of the most recognized and
widely used spices across the world owing to its culinary versatility,
economic relevance, and substantial bioactive potential [6].

Turmeric, a rhizomatous plant in the Zingiberaceae family, is
indigenous to South and Southeast Asia [7] and is cultivated across
tropical regions, including Sri Lanka, India, China, Bangladesh,
Myanmar, Australia, and the West Indies [8, 9]. Although more than
133 species of Curcuma are identified globally, Curcuma longa is
most valued because of its industrial and medicinal significance. The
rhizome is processed through boiling, drying, and milling to produce
the distinctive golden-yellow powder. It is nutritionally rich, containing
moisture (84.25%), carbohydrates (9.1%), proteins, lipids, fiber, ash, and
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essential minerals such as calcium, magnesium, potassium, and sodium
[10, 11]. Curcumin, the principal pigment comprising approximately
5.1% of the rhizome, provides potent antioxidant, anti-inflammatory,
antimicrobial, and anticancer properties [12, 13].

Beyond its medicinal benefits, turmeric plays an essential role
as a functional food ingredient. It stimulates digestive processes by
enhancing the activity of pancreatic enzymes, including lipase, amylase,
and chymotrypsin [14]. Moreover, when combined with spices such
as coriander, cumin, chili, and black pepper, turmeric promotes bile
acid secretion, aiding digestion and nutrient metabolism [15]. These
properties reinforce the significance of turmeric as both a culinary
staple and a nutraceutical ingredient.

Turmeric cultivation is economically important to Sri Lanka,
which produced over 25,000 metric tons of raw turmeric in 2020 [16].
Major production districts include Kurunegala, Gampaha, Kalutara,
Matale, and Ampara, and approximately 12,900 farmers participate in
turmeric cultivation [17]. This crop plays a vital role in rural income
generation and small-scale farming systems.

However, the increasing global demand and premium value of
turmeric have led to widespread adulteration practices. Economically
motivated adulteration involves mixing turmeric powder with cheaper
substances such as rice flour, chickpea flour, chalk powder, starch,
lead chromate, and metanil yellow [18]. Such adulteration diminishes
curcumin concentration, misleads consumers, and may introduce health
hazards [19-21]. Although synthetic dyes and toxic heavy metals
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are known adulterants and extensively studied, comparatively fewer
studies address food-based adulterants like rice flour, which closely
resemble turmeric in color and composition, making detection more
challenging [22, 23]. Conventional analytical approaches, despite their
precision, are often time-consuming, labor-intensive, and unsuitable for
rapid screening in small-scale processing and commercial settings [24].
There is therefore a growing need for fast, cost-effective, and accurate
techniques for spice authentication [25].

Inresponse to this need, the present study explores the application
of machine learning integrated with CIELAB colorimetric values for
the rapid detection of rice flour adulteration in turmeric powder. The
research is guided by the following key questions: (i) Can CIELAB
color attributes effectively discriminate between pure and adulterated
turmeric samples? (ii) Which machine learning algorithm provides the
highest accuracy for predicting adulteration levels? and (iii) Can a user-
friendly digital platform be engineered to support real-time adulteration
screening?

On the basis of prior evidence that colorimetric characteristics
correlate with chemical composition, it is hypothesized that machine
learning models trained on CIELAB color data can accurately classify
and quantify rice flour adulteration in turmeric powder, whereas the null
hypothesis assumes no significant predictive relationship.

To address these questions, this research integrates advanced
data analytics and web-based computational tools to design a non-
destructive, real-time detection method for turmeric adulteration. This
study thus contributes to a scientifically validated, accessible solution
for enhancing food quality monitoring and consumer safety within the
spice supply chain.

The highlights of this study are as follows:

1) Developed a machine-learning-based web application capable
of detecting rice-flour adulteration in turmeric powder with 98%
accuracy, utilizing CIELAB color parameters for classification.
Employed multi-method validation, including iodine absorbance
analysis (R 0.9866 with rice-flour concentration), sensory
evaluation (accurate detection at >5% w/w adulteration), and
microscopic imaging (marked particle density increase at 20%
adulteration), confirming the reliability of adulteration detection.
Provides a cost-effective and scalable approach to enhance food
safety and consumer protection, with potential for future adaptation
to other adulterants and turmeric varieties.

2)

3)

. Role of Machine Learning in Adulteration Detection

Spices have traditionally been an expensive commodity.
Although the general public has access to a variety of spices, safety
and quality concerns about spices exist among the community and
regulatory authorities. The presence of adulterants that threaten the
safety and quality of spices has become a major problem. Some of them
are highly toxic to human health. A variety of machine learning (ML)
techniques for extracting information from multivariate data have been
developed in data science, with recent advances [26].

Artificial intelligence (Al) has become increasingly integrated
into the food industry over recent decades, driven by rising global food
demand associated with population growth [27-31]. The ability of
Al systems to perform tasks such as food quality assessment, process
control, food classification, and predictive analysis has significantly
increased their adoption within the food sector [32].

In a representative study, Naman et al. [33] developed a machine
learning model using transfer learning with MobileNetV2 to identify
adulterants in chili pepper (Capsicum annuum) with 97.97% accuracy.
The approach integrated machine learning with analytical techniques
such as HPLC and spectroscopy to ensure robust validation. A

similar model using MobileNet achieved 95.5% accuracy in detecting
adulterants in cardamom. The study emphasized visual features like
color and texture for classification and demonstrated its suitability for
real-time, low-power devices [33]. Deep learning models based on CNN
and thermal imaging achieved 95.5% accuracy in detecting adulteration
in cumin and fennel seeds, proving effective even in distinguishing
closely resembling substances [34]. In addition, visible imaging
combined with machine learning techniques, including artificial neural
networks and support vector machines, has been shown to detect wheat
flour adulteration in spice powders such as cinnamon, black pepper, and
red pepper with high accuracy [35]. The study by Chen et al. [36] on
pericarpium citri reticulatae using machine learning models applied to
FT-NIR spectroscopy achieved classification accuracy of up to 99.3%
in distinguishing adulterants, outperforming traditional colorimetric
methods. CNNs applied to detect adulteration in cinnamon powder
achieved over 92% accuracy, while PCA-NIRS methods reached
99.95%, enabling non-specialist access to advanced testing tools [37].

2.1. Starch adulteration in turmeric powder

Many studies have been conducted to develop a machine learning
tool using visible-near infrared (Vis-NIR) and multispectral imaging
(MSI) techniques to detect starch adulteration in turmeric [18, 38—40].
A set of sample series was prepared by mixing with starch to create
spectral and MSI datasets within the 400-1050 nm wavelength range.
The findings of these works revealed that Vis-NIR and MSI approaches
are excellent in detecting starch adulteration in turmeric with reliability.
It has important implications for public health and food safety by
offering a reliable tool for verifying the purity of turmeric and other
food items [41].

2.2. Rice flour adulteration in turmeric powder

Several studies have been conducted for adulteration in turmeric
powder using rice flour and azo dye [42-44]. Bandara et al. [45]
conducted multispectral image analysis for detecting the percentage
of the common adulterant, tartrazine-colored rice flour, found in Sri
Lankan turmeric powder. The sample series was prepared by mixing
rice flour with tartrazine (synthetic yellow azo dye, E number E102) ata
9:1 (w/w) ratio. The multispectral imaging system was developed using
nine spectral bands with peak wavelengths from 405 nm to 950 nm.

2.3. Sudan dye and metanil yellow adulteration in
turmeric powder

Machine learning was used by some researchers to detect the
Sudan dye and metanil yellow adulteration in turmeric powder [42, 43,
46]. Mandal et al. [46] used a deep neural network to detect metanil
yellow adulteration in turmeric powder. Five variants of pure and
adulterated turmeric samples were used in their experiments. They
have shown very high accuracy (98%) in detection. In addition, Kar
et al. [43] used spectral data of near infrared spectroscopy to detect
Sudan dye I adulterant in turmeric powder. They also ended up with
high accuracy in detection.

2.4. Research gap in the context of Sri Lankan
turmeric

Although there are several machine-learning-based studies
on the detection of turmeric adulteration, none of them are based on
Sri Lankan turmeric. Bandara et al. [45] showcased some promising
results. However, they have not presented a web-based tool in
detecting turmeric adulteration percentage. Furthermore, there is a
need for a straightforward and simple method to take measurements of



Journal of Data Science and Intelligent Systems

Vol. 00

Iss. 00 2026

adulterated turmeric powder, where the CIELAB method is well suited,
as determining the L", a”, and b color values are relatively simple and
efficient. Therefore, the study presented herein fills the research gap
with the novelty of the work carried out.

3. Materials and Methods
3.1. Overall methodology

Figure 1 illustrates the overall workflow of this study, culminating
in the development of a web-based analytical tool for predicting the
adulteration percentage of turmeric.

3.2. Machine learning models

In this study, neural network (NN), K-nearest neighbors (KNN),
decision tree (DT), support vector regression (SVR), and random forest
(RF) models were used to predict the adulteration level based on the L,
a*, and b" values of each turmeric sample. The grid search method was
employed to identify the best hyperparameters for each model.

3.2.1. Neural network

A neural network is a multi-layered computational model
composed of interconnected neurons with weighted connections and
non-linear activation functions [47]. Deeper networks with multiple
hidden layers can capture hierarchical feature representations [48],
enabling them to model highly complex non-linear relationships
between inputs and outputs.

In theory, a sufficiently large neural network can approximate
almost any continuous function, a concept known as the universal
approximation property [49]. In supervised learning, a feedforward
process is used, in which the neural network learns to approximate a
target function by adjusting its connection weights to minimize the
loss between its predictions and the true continuous outputs [50]. Key
advantages of NNs include their flexibility and capacity for automatic
feature learning from data, which allow them to fit intricate patterns that
simpler models might miss [51]. However, they typically require large
training datasets and substantial computation to generalize well [52].
NNs are also prone to overfitting if not properly regularized, making
interpretation difficult in comparison to simpler models [53].

3.2.2. K-nearest neighbors (KNN)

K-nearest neighbors (KNN) is a non-parametric, instance-
based learning algorithm that makes predictions based on the nearest
examples in the training data [54]. For regression tasks, the model
predicts a numerical outcome by taking the average of the target
values of the k most similar training points to the query input [55].
Notably, KNN has no explicit training phase beyond storing the dataset;
all generalization is deferred to query time, a characteristic of “lazy”
learning methods [54]. This simplicity and the lack of assumptions
about data distributions are the advantages of KNNs. They can
approximate complex functions given sufficient local data. On the other
hand, because it treats all features equally and does not learn feature
weights, KNN can be misled by irrelevant or unscaled features [54]. It
is also computationally expensive for large datasets, as each prediction
requires calculating distances to all training instances, and memory
intensive because all data must be kept [56]. Moreover, KNN performs
poorly in high-dimensional feature spaces where distance metrics
become less informative, thereby degrading their performance [57-59].

3.2.3. Decision tree

A decision tree is a hierarchical model that recursively partitions
the feature space into regions, forming a tree of decision nodes and
leaves [60]. Each leaf node corresponds to a final prediction. For
regression, a tree typically outputs the average of the training target
values in a leaf as the predicted value, yielding a piecewise-constant
approximation of the underlying function [60]. Decision trees are easy
to interpret, and the model can be understood as a set of human-readable
“if-then” rules [61]. They can naturally handle non-linear relationships
and feature interactions without requiring parametric assumptions. They
can also accommodate different types of data and are relatively robust
to outliers. However, an unconstrained tree can overfit the training data,
as it may keep splitting until each leaf captures very specific cases [62].
Individual decision trees are high-variance estimators where small
changes in the training set can drastically change the structure of the
learned tree. As a result, decision trees often have moderate predictive
accuracy on their own. Techniques like pruning [63] or ensembling
[64] are commonly used to improve the generalization performance of
decision tree models.

Table 1
Summary of machine learning models for starch adulteration detection in turmeric

Performance summary

Model Key characteristics Strengths Limitations (current study)
Artificial ~ Multi-layer structure with non-linear High accuracy; handles Requires a large dataset; less Moderate performance
neural activation functions. Learns complex non-linearity and feature interpretable (“black box”);
network relationships between color values and interactions well overfitting risk
adulteration level
Random  Ensemble of decision trees using Handles non-linear data Can be computationally Achieved the highest
forest bootstrapped samples and feature well; robust to noise; expensive; limited accuracy of 97%; high
randomness built-in feature importance interpretability compared to  prediction stability and
metrics single trees generalization
Support Regression using e-insensitive loss and Robust to overfitting; Sensitive to parameter Achieved high accuracy;
vector kernel functions; focuses on boundary effective for high- selection; not easily good performance, less
regression  errors dimensional spaces interpretable than random forest
Decision  Recursive binary splits based on feature ~ Easy to interpret; fast Prone to overfitting; high Moderate performance
tree thresholds training; captures non- variance without pruning or
linearity ensembling
K-nearest Instance-based, non-parametric; averages Simple; adaptable to data ~ Computationally intensive Lower performance
neighbors  outputs from nearest neighbors complexity at prediction; sensitive to

irrelevant features and scaling
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Overall methodology
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3.2.4. Support vector regression (SVR)

Support vector regression (SVR) was introduced by Vapnik [65]
and colleagues in the 1990s as an extension of support vector machines
for regression tasks [66]. It operates by fitting a linear prediction
function that has at most an € deviation from the true target values for
all training points while penalizing deviations larger than €. This is
achieved through an € insensitive loss function: errors within +€ are
ignored when fitting the model [67]. The result is a so-called €-tube
around the regression function where points inside the tube do not
incur loss. Only training samples with errors exceeding € affect the
model parameters, leading to a sparse solution that often generalizes
well [53]. By using kernel functions, SVR can efficiently handle non-
linear regression by implicitly mapping inputs into high-dimensional
feature spaces where a linear model can fit complex relationships
[68]. SVR is known to be effective in high-dimensional settings and
tends to be robust because the margin maximization principle helps
in avoiding overfitting. However, training an SVR involves solving a
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convex quadratic optimization problem, which can be computationally
intensive for large datasets [69, 70]. Furthermore, SVR models require
careful tuning of hyperparameters, and the resultant models are not very
interpretable, as predictions are derived from a combination of support
vectors rather than a set of human-readable rules.

3.2.5. Random forest (RF)

Random forest (RF), introduced by Breiman [71], is an ensemble
learning method that combines a large number of decision trees to
improve predictive performance. Each tree in a random forest is
typically trained on a bootstrap-resampled subset of the data (bagging)
[72], and at each split, a random subset of features is considered, which
injects diversity among the trees [71]. For regression, the prediction of
the forest is obtained by averaging the outputs of all individual trees.
This aggregation of many de-correlated trees reduces overfitting and
yields more stable, accurate predictions than a single tree model [71,
73]. RF inherits many advantages of decision trees—it can handle
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heterogeneous data types, capture complex non-linear relationships,
and is relatively robust to outliers—while mitigating the high-variance
weakness of individual trees through averaging. In practice, random
forests often achieve high predictive accuracy across a variety of tasks
and include an intrinsic measure of feature importance [74—76]. The
main limitation is the loss of interpretability. Although each component
tree can be interpreted, the ensemble of hundreds of trees is difficult
to distill into a simple explanation, which means that random forests
trade off the intuitive transparency of single decision trees. In addition,
training and using a large number of trees can be computationally
demanding, and the model’s memory footprint is larger than that of
simpler models due to storing many trees. In this study, the random
forest model was implemented with 60 trees. The maximum tree depth
was set to 80. The model used 70% of the features for each split. The
minimum number of samples required to split a node was 5, and the
minimum number of samples required at a leaf node was 3. Bootstrap
sampling was enabled, and the random state was set to 42 to ensure
reproducibility.

Table 1 shows the overall summary of the machine learning
models used.

3.3. Adulterated sample preparation

Authentic turmeric powder was prepared using raw turmeric
(Curcuma domestica) rhizome, which had been planted in February
2024 in Namalthenna Divisional Secretariat, Galagedara, Kandy, Sri
Lanka, and harvested in December 2024 (refer to Figure 2).

Raw turmeric rhizomes were washed by dipping in boiling water
and then manually sliced into small pieces. Then, the sliced raw turmeric
parts were dried in low sunlight for three days and another three days
in full sunlight. After that, dried turmeric slices were finely ground and

passed through a sieve of 300 pum mesh to obtain powder with a uniform
particle size [40]. Turmeric powder and rice flour were mixed for 3
min with a mortar and pestle, rotating 100 anticlockwise and clockwise
rotations. These adulteration mixtures were prepared by mixing pure
turmeric powder with changing rice flour concentrations of 0.1%, 0.5%,
1%, 2.5%, 5%, 10%, 15%, 20%, 25%, 30%, 35%, 40%, 45%, 50%, and
100% (w/w). One sample was prepared for each concentration, which
weighs around 100 g (refer to Figure 3).

3.4. Colorimetric measurements

The colors of the prepared samples were measured using
a colorimeter (PCE-CSM, United Kingdom), and the three-color
coordinate values were taken as L*, a”, and b". From each sample, 100
random color readings were taken from pre-determined positions to
minimize spatial variation. A non-destructive sampling approach was
adopted to replicate realistic market conditions without disturbing
the sample packaging. The data obtained were further validated by
repeating measurements on a separate day to assess instrument stability.

3.5. Sensory analysis

Sensory analysis was conducted to determine the color variation
of the adulterated turmeric powder samples that can be perceived by the
human eye. A triangle test was carried out to select the percentages of
adulterated turmeric samples that can be perceived by the human eye
in terms of color.

Adulterated turmeric percentages 0.1%, 0.5%, 1%, 2.5%, 5%,
10%, 20%, 30%, 40%, and 50% (w/w) were subjected to the study.
Thirty untrained panelists from the Faculty of Agriculture, University
of Peradeniya, Sri Lanka, were used for the sensory evaluation.

Figure 2
Location of Namalthenna in Sri Lanka
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Figure 3
Prepared turmeric samples

3.6. Absorbance analysis

Each adulterated turmeric sample (100 mg) was mixed with 1
ml of ethanol. Then, 10 ml of 1 N sodium hydroxide was added, and
these samples were left overnight. Afterward, the volume was made up
to 100 ml. Then, 2.5 ml of the suspension was taken out, and about 20
ml of distilled water was added with three drops of phenolphthalein.
Subsequently, a few drops of concentrated hydrochloric acid were
added until the pink color disappeared. Then, 1 ml of iodine reagent
was added, the volume was brought to 50 ml, and the absorbance was
read at 590 nm in UV-Visible spectroscopy (Model: AE-S70-2U, A&E
Lab (UK) Co., Ltd.). All chemicals used were of analytical grade, and
the experiment was conducted in triplicates.

3.7. Microscopic image analysis

For microscopic analysis, 100 mg of each sample was mixed
with 1 ml of distilled water. A 50 pL drop of the suspension was
evenly dispersed on a clean glass slide and covered with a coverslip.
The prepared slides were examined under a light microscope (Optika,
Italy) at 400x magnification, and images were captured to observe the
presence and morphology of the rice flour granules in the adulterated
turmeric samples.

3.8. Web application development

In this study, five machine learning algorithms were employed,
namely, NN, KNN, DT, SVR, and RF. These models were trained
on colorimeter readings to predict the percentage of adulteration
in turmeric. The dataset was divided into 70% for training, 20% for
testing, and 10% for validation. For the non-tree-based algorithms,
the color values (L*, a*, and b") were normalized prior to optimization
and training. To facilitate practical use, the best-performing model was
integrated into a web-based application.

The Al-powered web application was developed and executed
within the Google Colab environment and featured a user-friendly
interface [77]. Communication between the client and server was
facilitated using an Ngrok tunnel, which functioned as a lightweight
API gateway. This configuration provided secure and immediate access
over the internet to the locally hosted application, eliminating the need
for complex deployment configurations. The primary purpose of the

web application is to predict the adulteration level of the turmeric
sample by analyzing its L*, a", and b" color values.

3.9. Statistical analysis

One-way ANOVA was conducted, followed by Tukey’s method
to determine if the absorbance values differed significantly from one
another. Standard deviation, standard error, and confidence interval
were calculated to distinguish between the variability of individual data
points and the reliability of the estimated population mean.

3.9.1. Standard deviation

Standard deviation quantifies the dispersion or spread of individual
measurements around the sample mean (refer to Equation (1)). A higher
SD indicates greater variability in the dataset, whereas a lower SD

indicates that the measurements are tightly clustered around the mean
[78].

¥ (5%’
T (1)

Standard Deviation =

Where:
x; = individual observations
% = sample mean
n = number of observations.

3.9.2. Standard error of the mean

The standard error measures how precisely the sample mean
estimates the population mean. Unlike standard deviation, the standard
error of the mean (refer to Equation (2)) decreases as the number of
replicates increases and indicates the reliability of the mean [78].

Standard Error of the Mean = Standard deviation

Ve @

3.9.3. Confidence interval (CI)

A 95% confidence interval provides a range in which the true
population mean is expected to lie with 95% certainty. Cls express the
precision of the mean estimate and are calculated using the standard
error and the t-distribution [79] (refer to Equation (3)).
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Confidence Interval = x + b ar X Standard Error of the Mean. (3) Table 2
(Continued)
4. Results and Discussion Standard
Standard error 95% confidence
4.1. Color measurements Sample  Mean (np) deviation mean interval for p
Table 2 presents the descriptive statistics of the L*, a", and " L (15%) 649832 0.6659 0.0666  (64.8511, 65.1153)
values to identify the pattern associated with increasing levels of starch 4 (159%) 11.5658 0.2436 0.0244  (11.5175, 11.6141)
adulteration. It includes the mean, standard deviation, standard error o
of the mean, and the 95% confidence interval of the mean values. In b (15%) 41741 1.060 0.106 (41.531,41.952)
addition, Figure 4 illustrates the histogram distribution of the L*, @, L (20%)  65.2774 0.6876 0.0688  (65.1410, 65.4138)
and b* color parameters at three selected levels of starch adulteration (20%) 11.3965 0.1682 0.0168  (11.3631, 11.4299)
in turmeric powder: low (1%), medium (25%), and high (50%). For b (200 41,7249 0.919 0.0920 41.5404. 41.9074
each adulteration level, the corresponding distributions show how (20%) 1.7 9197 ’ (41.5424, 41.9074)
frequently the observed color values occurred within the sample. At L (25%) 66.1028 0.4309 0.0411  (66.0214, 66.1842)
all three adul?era'tion. levehzls,.the. histograms display an approximately (25%) 11.2443 0.1159 0.0110  (11.2224, 11.2662)
bell-shaped distribution, indicating that the data are close to a normal .
distribution. The frequency of the measured values tends to cluster b (25%) 42.0649 0.7259 0.0692  (41.9277,42.2021)
around the mean (X), showing that most samples exhibit similar color L (30%) 66.7078 0.5809 0.0570  (66.5948, 66.8208)
inte‘nsi.t)'/ within each adulteration categqry. This pattern reflects low a (30%) 11.0508 0.1410 0.0138  (11.0233, 11.0782)
variability and good measurement consistency. Figure 5 shows the )
deviation of the L*, a”, and b values with starch adulteration, presented b (30%) 42.574 2.864 0.281 (42.018,43.131)
separately. According to the deviations, when starch was added to L (35%) 67.1421 0.4418 0.0431  (67.0566, 67.2276)
Furmeric .po.wder, the L" values gr?dually increased, indicating an (35%) 11.0056 04884 0.0477  (10.9111, 11.1001)
increase in lightness. However, the a” values gradually decreased with
adulteration, showing a reduction in the redness of the turmeric. The b" b (35%) 42.6856 0.8999 0.0878  (42.5115, 42.8598)
values remained relatively .stez.;ldy,. except at 1.00% adulteration, where L (40%) 66.2742 0.6294 0.0617  (66.1518, 66.3966)
they drastl.cally decreased, indicating a reduction in the yellow color of 2 (40%) 113119 02125 00207 (11.2708, 11.3530)
the turmeric powder.
b (40%) 42.4886 0.8548 0.0834  (42.3231, 42.6540)
Table 2 L (45%) 67.893 2.429 0.241 (67.416, 68.370)
Descriptive statistics with starch adulteration a (45%) 10.7377 0.2343 0.0232 (10.6917, 10.7838)
Standard b(45%) 44349  3.553 0352 (43.652,45.047)
Standard error 95% confidence
Sample  Mean (u) deviation mean interval for p L (50%) 69.9270 0.3633 0.0363  (69.8549, 69.9991)
L (0%) 63.7040  0.8839 0.0884  (63.5286,63.8794)  a(50%)  10.1014  0.1480 0.0148  (10.0720, 10.1308)
a (0%) 14.066 1.712 0.171 (13.726, 14.406) b(50%)  44.8187  0.7021 0.0702  (44.6794, 44.9580)
b (0%) 37.5749 0.5524 0.0552  (37.4653, 37.6845) L (100%) 95.6564 0.4852 0.0485  (95.5601, 95.7527)
L(0.5%) 64.1756 0.6648 0.0646  (64.0475, 64.3036) a (100%)  -0.7071 0.2272 0.0227  (-0.7522, -0.6620)
a(0.5%)  12.0380 0.8429 0.0819  (11.8757, 12.2004) b (100%) 6.655 9.013 0.901 (4.867, 8.444)
b (0.5%) 39.23 1.0491 0.1024  (39.0276, 39.4324) Note: . population mean of color values
L (0.1%) 63.726 2.558 0.251 (63.228, 64.223)
a(0.1%) 12.1122 0.9768 0.0958  (11.9222,12.3022) 4.2, Sensory analysis
b(0.1%)  38.8086 0.5498 00539 (38.7016, 38.9155) Table 3 presents the results of the sensory analysis carried out
L (1%) 64.1719 0.5578 0.0542  (64.0645, 64.2793) by 30 untrained panelists. The null hypothesis (Ho) of the study stated
a (1%) 11.7127 0.5598 0.0544  (11.6049, 11.8206) that there is no significant difference in color perception between pure
. turmeric and adulterated samples, while the alternative hypothesis
b (1%) 403986 0.9088 0.0887  (40.2234,40.5738) (H.1) stated that there is a significant difference between pure turmeric
L(2.5%) 652095 0.8874 0.0862  (65.0386, 65.3804) and turmeric samples adulterated with rice flour. A triangle test was
a (2.5%) 12.960 1.651 0.160 (12.642, 13.278) employed to evaluate the responses of 30 untrained panelists.

. ’ The critical value at the 0.05 significance level was 15, which
b(2.5%)  38.8394 0.6977 0.0678  (38.7051, 38.9738) means that if 15 or more panelists correctly identified the odd sample,
L (5%) 66.0189 0.7247 0.0711  (65.8780, 66.1599) Ho would be rejected in favor of Hi by Bolton [80]. Results indicated
a (5%) 14.194 1.401 0137 (13.922, 14.467) that color differences between pure and adulterated turmeric samples

' ' ' R became statistically perceptible by the sensory panel only at levels of
b (5%) 38.995 2.668 0.262 (38.476,39.514) adulteration of 5% (w/w) or higher. At very low levels of adulteration
L (10%) 65.925 1.049 0.103 (65.721, 66.129) (£2.5%), including the borderline 1% sample, differences were not
a (10%) 12.815 1.628 0.160 (12.498, 13.132) accurately detected. Accuracy of detection increased sharply with the

’ ’ ’ ' oo increasing level of adulteration to unanimous detection from 10% and
b (10%) 39.1312 0.8948 0.0877  (38.9572, 39.3053) upward.
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Figure 4

Histograms of L*, a*, and b color parameters at low, medium, and high levels of starch adulteration in turmeric powder. Subfigures (a),

(b), and (c) represent 1% adulteration for L", a*, and b, respectively; (d), (¢), and (f) represent 25% adulteration for L, a*, and b"; and
(g), (h), and (i) represent 50% adulteration for L’, a*, and b*. The symbol X denotes the mean value
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4.3. Absorbance measurements

Starch iodine formation was employed by iodine test. Results of
sample series versus absorbance values at 590 nm are listed in Table 4,
and the graphical illustration is given in Figure 6. One-way ANOVA
method followed by turkey method was conducted to find whether the
absorbance values are significantly different from each other. According
to the results, there is a significant difference in absorbance values. The
1%-30% and 35%-50% adulteration ranges show relatively steady
absorbance, whereas a clear variation is observed when comparing
1%-30%, 35%—50%, and 100% adulteration.

The absorbance values of the adulterated turmeric samples
increased with higher proportions of rice flour (refer to Figure 6). At
low levels of adulteration (<20% w/w), the absorbance values remained
relatively stable around 0.05-0.07. However, beyond 30% adulteration,
a steady increase was observed, reaching a maximum absorbance of
0.255 at 100% rice flour. The regression line indicated a strong positive

Samples assessed
Number of correct responses

0.1%
6

0.5%
10

Table 3
Results of sensory analysis
50%
1% 2.5% 5% 10% 20% 30% 40% (W/w)
14 10 20 29 30 30 30 30
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Table 4
Descriptive statistics for absorbance values at 590 nm wavelength
Adulteration  Absorbance  Standard
percentage values at 590 error 95% confidence
(%) nm mean interval for mean
0 0.020+0.017d 0.010 (-0.0230, 0.0630)
0.1 0.054 +0.000c 0.000 (0.05400, 0.05400)
0.5 0.054 + 0.000c 0.000 (0.05400, 0.05400)
1 0.051 +0.004¢ 0.002 (0.04261, 0.06006)
2.5 0.021 +0.001d 0.001 (0.018516,0.023484)
5 0.053 + 0.004¢ 0.002 (0.04393, 0.06274)
10 0.0567 +0.004¢ 0.002 (0.04794, 0.06539)
15 0.063 +0.022¢ 0.013 (0.0077, 0.1183)
20 0.065 + 0.004¢ 0.002 (0.05506, 0.07494)
25 0.063 +0.005¢ 0.003 (0.05162, 0.07438)
30 0.064 +0.003¢ 0.002 (0.05635, 0.07232)
35 0.099 + 0.002b 0.001 (0.095539, 0.103128)
40 0.109 + 0.004b 0.002 (0.10004, 0.11796)
45 0.111 £ 0.002b 0.001 (0.10670, 0.11530)
50 0.121 + 0.004b 0.002 (0.11204, 0.12996)
100 0.255 £ 0.005a 0.003 (0.24258, 0.26742)
Figure 6
Graphical illustration of absorbance values
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relationship (98.66%) between rice flour concentration and absorbance,
suggesting that the iodine test effectively detected adulteration in
turmeric powder at higher adulteration (statistically significant %)
levels.

Figure 7 presents the results from the one-way ANOVA test. The
normal probability plot (refer to Figure 7(a)) for the residuals indicates
that the residuals are approximately normally distributed, as the data
points closely follow the theoretical straight line. This supports the
assumption of normality for the one-way ANOVA. The residuals versus
fits plot (refer to Figure 7(b)) shows a random scatter of points around
the zero line, with no discernible patterns. This confirms the critical
assumption of homoscedasticity among the concentration groups. The
histogram of the residuals (refer to Figure 7(c)) is approximately bell-
shaped and centered near zero, providing further visual confirmation
of the normality assumption. The interval plot (refer to Figure 7(d))
displays the 95% confidence intervals for the mean absorbance value at

each level of starch adulteration concentration. The confidence intervals
for the lower concentration groups (concentrations 0.1%-30%) largely
overlap, suggesting no statistically significant difference in mean
absorbance for this range. However, the confidence intervals for the
highest concentrations (concentrations 50% and 100%) do not overlap
with the lower groups, indicating a statistically significant increase in
mean absorbance as starch adulteration increases.

4.4. Microscope image analysis

The prepared sample series were examined under a light
microscope. Figure 8 shows the rice flour granules prepared in selected
adulterated samples.

Microscopic examination revealed clear visual differences
between pure turmeric powder and turmeric adulterated with rice flour.
At lower adulteration levels (1%—15%), the field was predominantly
occupied by irregularly shaped turmeric particles, which appeared as
fine, highly pigmented structures with yellowish to greenish coloration.
Only a few semi-transparent, smooth, and more rounded granular
characteristics of rice flour were observed scattered within the turmeric
matrix, making the identification of adulteration challenging at these
low concentrations (Figure 8(a)—(c)).

At higher adulteration levels (20%), the presence of rice flour
became visibly distinct, with a marked increase in the number and
clustering of these translucent granules (Figure 8(d)). The reduction in
pigment density and the increasing proportion of colorless, uniformly
shaped particles provided clear microscopic evidence of adulteration.
This progressive shift in particle morphology and density with
increasing rice flour percentage supports the visual differentiation of
pure and adulterated turmeric samples.

4.5. Web application development

On the basis of the performance of the tested machine learning
algorithms, the random forest algorithm was selected as the best
model. The random forest model utilized the grid search method to
identify the optimal parameters. The search included the following:
number of trees from 50 to 100 in increments of 10, maximum depth
of each tree from 50 to 100 in increments of 10, number of features
to consider for the best split from 0.5 to 0.8, and minimum samples
required to split a node from 2 to 7. The best parameters selected
were n_estimators = 60, max_depth = 80, max_features = 0.7, and
min_samples_split = 5. The performance evaluation showed a high
coefficient of determination (R*) of 0.98 for training and 0.97 for
testing (refer to Figure 9). In addition, the random forest algorithm
showcased the lowest mean squared error. Table 5 presents the
performance of each machine learning algorithm.

The relationship between the true and predicted adulteration
levels in the validation set is illustrated in Figure 10. The samples
were sorted in ascending order of actual adulteration level, and both
the actual values (blue) and predicted values (red) are shown, with the
dashed black segments indicating the absolute error for each data point.
At very low adulteration levels (0—10 data points), the predicted values
closely match the actual values. Between approximately 10 and 40 data
points, the model shows the largest relative deviations, with several
predictions exceeding the true values.

From 100 to 150 data points, the model tends to slightly
underestimate the actual values. Overall, the predicted values show
noise at the beginning and end of the range, while the mid-range
predictions are more stable and closely aligned with the actual data.

The prediction model was used to develop a web-based
application, as shown in Figure 11. The web-based application is
capable of predicting the adulteration percentage based on the L", a”,
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Figure 7
Plots of the one-way ANOVA test. (a) The normal probability plot, (b) residual plot, (c) histogram, and (d) interval plot
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and b" values of a sample. The web-based application is simple and
user-friendly.

The front-end interface was designed using HTML and includes
input fields for the L*, a*, and b" color values of a turmeric sample.
Users must enter values within a specified range; inputs outside this
range trigger an error message. Upon submission of the form, the
input data are transmitted to the server via an HTTP POST request.
The server, hosted in a cloud environment, runs a pre-trained machine
learning algorithm (random forest). This model processes the input to
generate a prediction for the adulteration level of the sample.

Once the web application is running, Ngrok initiates a tunneling
process on a specified port (port 5000), generating a temporary public
URL that points to the local server. This URL is then shared with
specific users, allowing them to access the application directly from
their browsers via the internet. When a user sends a request through
the provided link, Ngrok maps the URL to the corresponding local
application and forwards the request through the tunnel to the instance
running in the Colab environment. This enables real-time interaction
by routing requests from the Ngrok web server to the cloud-hosted
application, ensuring a stable and secure data flow.

4.6. Discussion

The integration of multiple analytical methods, including
iodine testing, sensory evaluation, and microscopic image analysis,
allowed for a holistic approach for identifying and understanding
turmeric adulteration. Sensory evaluation, although subjective, added
a consumer-level perspective by assessing color. Sensory analysis
showed that minor adulteration, such as 0.1%, 0.5%, 1%, and 2.5%,

10

cannot be differentiated from adulterated turmeric powder. Therefore,
there is a great need for a comprehensive technique in identifying
adulterated turmeric. This will ensure customer protection.

To minimize concentration variability associated with the
preparation of multiple samples and to replicate actual market
conditions using a non-destructive approach, only one sample package
was prepared for each starch adulteration level. However, to ensure
representativeness and account for within-sample heterogeneity, color
measurements were taken from multiple pre-identified locations on
each sample using the colorimeter.

Compared to recent literature, this study aligns closely with
the work of Chen et al. [36], who employed FT-NIR spectroscopy
alongside a suite of ML algorithms (SVM, KNN, RF, GBM, and PLS-
DA) for detecting adulteration in pericarpium citri. Their best models
achieved over 99% classification accuracy. However, their reliance on
expensive FT-NIR equipment limits broader applicability. In contrast,
the present study utilizes cost-effective and accessible methods,
including colorimetry and microscopy. Mandal et al. [46] utilized color
channel features derived from HSV and YCbCr color spaces, converted
from the original RGB space, to detect Sudan I dye adulteration
in turmeric powder with high sensitivity. However, their approach
targeted synthetic adulterants, whereas the present study focuses on
more common starch-based adulteration, which poses a greater visual
detection challenge. Naman et al. [33] focused on deep learning
(MobileNetV2) to identify adulterated Capsicum annuum, achieving
98.67% accuracy using image data and advanced tools like HPLC. In
contrast, the presented study herein targeted rice flour adulteration in
turmeric powder, a more visually subtle challenge, using interpretable,
accessible models based on colorimetric values. Bandara et al. [45]
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Figure 8
Microscopic images (40%) of turmeric powder adulterated with rice flour at different levels
(a) 1% rice flour adulterated sample (b) 5% rice flour adulterated sample
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used multispectral imaging with principal component analysis and
Bhattacharyya distance to detect turmeric adulteration, achieving high
accuracy (R* = 0.9911 for modeling; R*> = 0.9816 for validation) but
requiring expensive equipment and laboratory settings. In contrast,
the present study developed a low-cost Al-based method using simple
color values and validated it with chemical, sensory, and microscopic
analyses. This makes the proposed approach more practical, accessible,
and suitable for routine quality assurance and real-world applications.

However, the iodine test proved effectively in visually identifying
the presence of starch-based adulterants like rice flour, which forms a
characteristic blue-black complex with iodine solution. This method
can be further developed by increasing sensitivity, removing impurities,
or increasing iodine reagent concentration to differentiate even at low
levels of rice flour adulteration.

On the other hand, microscopic analysis provided further
support, offering visual evidence of adulteration through morphological
differences between turmeric and rice flour particles. Microscope
image analysis showed that rice flour granules can be seen even in the
minute concentration of the rice flour adulterated sample. As a simple
laboratory method, microscopy analysis can be carried out to identify
rice flour adulteration in pure turmeric. However, this method may
not be the best in the perspective of customers as no one is carrying
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such laboratory instruments to the markets. Nevertheless, iodine and
microscopic images can be effectively used by consumer protection
authorities.

The development of a web application for detecting rice flour
adulteration in turmeric powder represents a significant step toward
enhancing food quality and safety. The developed web application has
98% accuracy. However, it would be better if this web-based application
could be a mobile app.

4.7. Contribution to Sustainable Development Goals
(SDGs)

The research outcome presented here directly deals with
Sustainable Development Goals 3 and 12. Consuming adulterated
turmeric is a public health issue. Turmeric is not only used as a spice
for food, but it is also a health ingredient in most of the Ayurvedic
medicine. Therefore, easy identification contributes to food safety and
disease prevention. This directly aligns with SDG 3.9—reduce illness
from hazardous chemicals and pollution.

In addition, food adulteration undermines sustainable
consumption patterns by reducing consumer trust. It is linked with
unsustainable supply chains of food production, as it encourages
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Figure 9
Comparison of actual and predicted values from the random forest model. Subfigure (a) represents the training set results, while
subfigure (b) represents the test set results
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Table 5
Performance of machine learning algorithms
ML algorithm R? Mean squared error RMSE NSE MAE
Neural network 0.9558 33.0315 5.7473 0.9558 4.0797
K-nearest neighbor 0.9582 31.2302 5.5884 0.9582 3.4379
Support vector egression 0.9496 37.6321 6.1345 0.9496 3.6627
Decision tree 0.9660 25.4258 5.0424 0.9660 2.9527
Random forest 0.9742 19.2370 4.3860 0.9742 2.5517
Figure 10 unethical food production. Therefore, the outcome of the work
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presented herein aligns with SDG 12.3—reduce food loss/waste,
12.6—adopt sustainable practices in companies, and 12.8—promote
consumer awareness.

4.8. Limitations and risk of overfitting

The analysis was carried out on a selected turmeric variety
grown in the Central Province of Sri Lanka and was only limited to
rice flour adulteration. While the random forest model demonstrated
strong performance in detecting rice flour adulteration based on
colorimetric values, its broader application is subjected to several
boundary conditions. Although this model is highly effective for rice
flour adulteration, the false-negative and false-positive rates for other
potential adulterants, such as corn starch, tapioca starch, or talcum
powder, have not been quantified through systematic testing. Therefore,
the model should not be applied to detect or exclude the presence of
other adulterants. Future work is recommended to involve systematic
preparation of replicated samples (>30 per concentration) at multiple
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Figure 11
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adulteration levels to estimate adulterant-specific classification error
rates.

Because each adulterant material has a distinct optical property,
their effect on the L', @', and b" values could differ accordingly. To
validate the robustness of this model, it is recommended that further
studies be conducted with prepared samples of turmeric adulterants at
varying concentrations of different adulterants.

Similarly, this study has not explored the effect of turmeric’s
geographical origins or post-harvest treatments on the color
measurements.

The color of pure turmeric has vast variability in terms of
geographical area, processing methods, preprocessing methods, etc.
This study has not assessed the statistical significance of geographic
origin (e.g., India, Myanmar, and China) or drying protocol (boiling—
sun-drying, hot-air drying, and freeze-drying) on CIELAB values.
Because both factors are known to significantly influence turmeric
color, their exclusion limits the model’s generalizability beyond the
specific production conditions investigated.

Recent literature clearly indicates that the CIELAB color
parameters (L°, a’, and b") of turmeric powder are significantly
influenced by both geographic origin and post-harvest processing
conditions. Turmeric sourced from major producing regions such
as India, China, and Myanmar exhibits substantial variability in
colorimetric characteristics due to differences in cultivar genetics,
agroclimatic conditions, soil mineral composition, and curcuminoid
profiles, all of which directly affect optical properties and perceived
color [38, 42]. In addition to origin-related effects, drying protocols
play a statistically significant role in determining turmeric color, as
thermal exposure and moisture removal kinetics influence pigment
stability, surface scattering, and oxidative degradation. Studies by
Lanjewar et al. [18] and Johnson et al. [25] employing spectroscopic
and imaging techniques have shown that traditional sun-drying and hot-
air drying often result in increased lightness (L") and reduced chromatic
intensity («" and b"), whereas controlled drying methods better preserve
yellowness and color saturation. Although these studies collectively
demonstrate that both geographic origin and drying method can
introduce statistically significant shifts in CIELAB values, the present
study intentionally controlled for these variables using turmeric from

Interface of web application (L, A, and B represent L", a*, and b")

\A

Deviation in L, A, and B Values Between
the Current Sample and Pure Turmeric

L Value : 3.44
A Value : -3.1

B Value : 4.73

Adulterated Percentage (rice
flour) : 32.41 %

a single Sri Lankan region processed exclusively by boiling followed
by sun-drying. This design minimized confounding variability and
enabled focused evaluation of rice flour adulteration effects, while
statistical assessment of origin- and processing-induced color variation
was beyond the scope of this work and remains an important direction
for future model generalization.

It is therefore highly recommended to repeat the work in other
geographic areas where turmeric is grown, at least in Sri Lanka, and
with different processing conditions. Given these limitations, this
model should currently be applied to turmeric grown in the Central
Province of Sri Lanka, which has been processed using the boiling
and sun-drying method, and adulterated with rice flour only. Therefore,
to ensure broader applicability and minimize the risk of overfitting,
future studies should include more diverse turmeric sources, processing
conditions, and adulterants.

5. Conclusions

This study successfully developed a web-based application
capable of detecting rice flour adulteration in turmeric powder by
measuring the colorimetric values in addition to the integration of other
detection methods: starch-iodine complex formation testing, sensory
evaluation, and microscopic image analysis. Each method contributed
uniquely to the identification of adulteration, offering a multi-faceted
approach that balances technical accuracy with user accessibility.
The iodine test indicated the increment in absorbance values and
microscopic analysis provided reliable visual indicators of adulteration,
while sensory analysis offered insight into how consumers might
perceive the color of the adulterated turmeric.

The machine-learning-enabled web-based tool is reliable with
high predictive accuracy in predicting turmeric adulteration percentage.
While currently limited to a specific turmeric variety and rice flour
adulteration, the approach provides a foundation for scalable, cost-
effective, and accessible adulteration detection methods. The developed
model should currently be applied only to turmeric produced in the
Central Province of Sri Lanka, processed using traditional boiling-and-
sun-drying methods, and adulterated exclusively with rice flour. Future
improvements can be focused on extending the model to different
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turmeric varieties, incorporating multiple adulterants, and developing
mobile applications for practical use by regulators and consumers.
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